Accounting for environmental heteroscedasticity and genetics by environment 21 interaction (G×E) in genetic evaluation is important because animals may not perform 22 predictably across environments. The objectives of this study were to evaluate the 23 presence and consequences of heteroscedasticity and G×E on genetic evaluation. 24
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The population considered was crossbred lambs sired by terminal sires and reared 25 under commercial conditions in the UK. Data on 6,325 lambs sired by Charollais, 26 Suffolk, and Texel rams were obtained. The experiment was conducted between 27 1999 and 2002 on three farms located in England, Scotland, and Wales. There were 28 2,322, 2,137 and 1,866 lambs in England, Scotland and Wales, respectively. A total 29 of 89 sires were mated to 1,984 ewes of two types (Welsh and Scottish Mules). Most 30 rams were used for two breeding seasons with some rotated among farms to create 31 genetic links. Lambs were reared on pasture and had their parentage, birth, 5 wk, 10 32 wk, and slaughter weights recorded. Lambs were slaughtered at a constant 33 fatness, at which they were ultrasonically scanned for fat and muscle depth. 34
Heteroscedasticity was evaluated in two ways. Firstly, data were separated into three 35 subsets by farm. Within farm variance component estimates were then compared to 36 those derived from the complete data (Model 1). Secondly, the combined data were 37 fitted, but with a heterogeneous (by farm) environmental variance structure (Model 38 2). To investigate G×E, a model with a random farm by sire (F×S) interaction was 39 used (Model 3). The ratio of the F×S variance to total variance was a measure of the 40 level of G×E in the population. Heterogeneity in environmental variability across-41 farms was identified for all traits (P < 0.01). Rank correlations of sire EBV between 42 farms differed for Model 1 for all traits. However, sires ranked similarly (rank 43 correlation of 0.99) for weight traits with Model 2, but less so for ultrasonic measures. 44
Including the F×S interaction (Model 3) improved model fit for all traits. However, the 45 F×S term explained a small proportion of variation in weights (less than 2%) although 46 more in ultrasonic traits (at least 10%). In conclusion, heteroscedasticity and G×E 47 unknown parents were unrelated justifying their fit as separate genetic groups. Also, 156
by fitting groups, differences in genetic means among breeds were accounted for, 157 thereby reducing bias in the evaluation (Van Vleck, 1990) . 158
Heterosis effects could not be explicitly fit in the analyses as performance and 159 pedigree data on the hill breeds used to establish the crosses were unavailable. 160
However, the combination of breed-types (½ terminal sire breed, ¼ hill breed, ¼ 161 Bluefaced Leicester) was consistent for all lambs and therefore the expected levels 162 of heterozgosity. Furthermore, by fitting genetic groups in the analyses, lamb EBV 163 were adjusted for mean differences in parental breeds. All analyses in this study 164 were performed using ASReml (Gilmour et al., 2009) . 165
Heteroscedasticity 166
The traits investigated were BWT, 5WT, 10WT, SWT, UMD and log 167 transformed ultrasonic fat depth (logUFD). Ultrasonic fat depth was transformed to 168 7 approximate normality. Analyses of the effects of index selection on these traits have 169 been reported previously (Márquez et al., 2012; 2013) . 170
Within farm. Heteroscedasticity due to farm was tested by creating three 171 subsets of data based on where lambs were born and reared. There were 2,322, 172 2,137, and 1,866 lambs born in England, Scotland, and Wales, respectively. The 173 model fitted was: 174
where y i was a vector of observations, was a vector of fixed effects coefficients, a i 175 was a vector of genetic animal effects, d i was a vector of rearing dam effects, and e i 176 was a vector of random residual effects. The , , and matrices were incidence 177 matrices relating to observations in , a i and d i , respectively. The i subscript referred 178 to data from each of the three farms. Fixed effects were an overall mean, lamb sex 179 (ewe or wether), age of dam (2 to 5-yr), and birth year (2000) (2001) (2002) (2003) . For all traits 180 except BWT, a birth-rearing rank effect was fitted with four categories: single 181 born/single reared, twin or more born/single reared, single or twin born/twin reared, 182 and triplet born/twin reared. For BWT, birth rank (single, twin, or triplet) was fitted. 183
Covariates for all traits except SWT and UMD were age at measurement. For SWT 184 and UMD, the covariate was estimated subcutaneous fat percent at slaughter. Fat 185 score was transformed to subcutaneous fat percent according to Kempster et al. 186 (1986) . 187
The (co)variance structure of this model was: 188
where A was the numerator relationship matrix among animals in the pedigree and I 189 was an identity matrix of appropriate dimensions, For each trait, log likelihoods for data from each farm were obtained. These 203 were independent samples, and therefore the log likelihoods were summed and 204 compared against a model fitted to the combined data. In the combined model, 205 additional effects of farm and farm by birth year interaction were included. In the 206 absence of heteroscedasticity, the sum of the log likelihoods from the independent 207 samples and the log likelihood from the combined data would be expected to be 208 equal. A likelihood ratio test with 2 degrees of freedom was used to test whether the 209 sum of the log likelihoods from the independent samples differed from the log 210 likelihood from the combined data. Rank correlations of EBV from the combined and 211 within farm data were obtained to investigate any consequences of variance 212 heterogeneity. Some sires did not have progeny on all farms. For those that did, re-213 rankings of sires were investigated, and correlations between EBV in the different 214 farms were obtained. 215 heterogeneous residual (farm) variances (Model 2). In this model, the combined data 217 were used, but separate residual variances were estimated for each farm. The fixed 218 effects of Model 1, in addition to farm, and farm by year interaction, were fitted to all 219 the data with a modified (co)variance structure. The (co)variance matrix remained the 220 same as in Model 1, except: 221
where 2 (i = 1,2,3) was the residual variance of farm i. Within farm heritabilities for 222 this model were calculated as
The log likelihood for this model was obtained for each trait, and was tested 224 against a null model with a single residual variance component, with a likelihood ratio 225 test with 2 degrees of freedom. The consequences of heteroscedasticity were 226 investigated by obtaining rank correlation of EBV calculated assuming either 227 heterogeneous or homogeneous environmental variances. 228
Genotype by environment interaction 229
To investigate the presence of G×E, an animal model was fitted with a 230 random farm by sire (F×S) interaction term. Fixed effects were the same as in Model 231
1. Random effects were animal, farm, F×S and a random residual. A random rearing 232 dam was fitted for BWT, 5WT, and 10WT. The (co)variance structure for this model 233 was: 234
where A was the numerator relationship matrix, 2 , 2 , and 2 were the variance 235 components associated with animal (additive genetic), farm, and F×S, respectively. 236
Other variance components were defined as in Model 1 and Model 2. The F×S 237 interaction component would indicate the amount of G×E in a population (Dickerson, 238 1962) . To test for its significance, a likelihood ratio test was performed by comparing 239 it to a model without the random F×S interaction term. The ratio of F×S to total 240 variance was calculated to quantify the extent of G×E in the population. The 241 heritability was calculated as the ratio of genetic variance to total variance. 242
To investigate whether any G×E was caused by heterogeneous phenotypic 243 variances, traits were standardized to their within-farm variance, and Model 3 was 244 again fitted. Large differences in variance component estimates, and re-ranking of 245 sires in standardized as compared to unstandardized data, would indicate the 246 importance of variance heterogeneity. 247
Connectedness 248
In order to avoid biases in our EBV, the study was designed to establish 249 sound genetic links, or connectedness, among farm locations within and across 250 terminal sire breeds and index categories. The sufficiency of the design was explored 251 by quantifying the strength of connections using prediction error correlations (Lewis 252 et al., 2005; Kuehn et al., 2007; 2008 Within farm. When the data were separated by farm, likelihood ratio tests 267 indicated the presence of heterogeneity in the environmental variance for all traits (P 268 < 0.01). However, the estimates of total variance and heritability were similar for the 269 combined data, and for within each subset of farm data (Table 2) . 270 271 Please place Table 2 Across farm. Allowing for heterogeneous environmental variances among 282 farms (Model 2) provided a better fit to the data for all traits (P < 0.01). However, 283 when comparing the genetic variances and heritabilities obtained from models with 284 heterogeneous vs. homogenous variance structures, they were within the standard 285 error for most traits (except SWT and UMD) ( Table 3) . 286 287 Please place Table 3 about here  288   289 Rank correlations between EBV obtained from the homogenous and heterogeneous 290 variance models were 0.99 for all weight traits (both animals and sires), and 0.88 and 291 0.84 for UMD and logUFD, respectively, among sires. These results indicate that re-292 ranking only would be observed for ultrasonic traits, although they would not be 293 substantial. The across farm estimates of heritabilities were similar to the within farm 294 heritabilities of Model 1. 295
Genotype by environment interaction 296
For all traits, including a random F×S interaction in the model resulted in a 297 better fit (P < 0.001, except P = 0.02 for SWT). Heritabilities were similar to those 298 estimated in Models 1 and 2. The proportion of the F×S variance to total variance 299 was small for weight traits, but more pronounced for ultrasonic measures (Table 4) . 
Variance heterogeneity 317
Heteroscedasticity was present in this population, especially for ultrasonic 318 traits. In the combined data, the additive genetic variance was similar to that 319 estimated within farms (Model 1). These estimates changed little when fitting Model 320 2. Such was the case even when a homogeneous farm variance was assumed. 321
For both weight and ultrasound traits, accounting for heterogeneous variances 322 improved model fit. However, for the weight traits, rank correlations between EBV 323 obtained with homogenous and heterogeneous variances were near one. This 324 suggested that any consequences of heteroscedasticity were not pronounced for 325 weight traits, in agreement with previous results (Canavesi et al., 1995) . Sire re-326 ranking was more evident for UMD and logUFD, suggesting heteroscedasticity would 327 have a greater effect on the genetic evaluation of ultrasound traits. 328 14 Ignoring heterogeneous variances in genetic evaluation has risks. As 329 observed in this study, animals may be incorrectly ranked resulting in lower selection 330 response. Accuracies of EBV may also be affected. By fitting a heterogeneous 331 variance model, EBV would be scaled, lessening the impact of inaccuracies in the 332 estimation (Gianola, 1986) . Given the presence of heterogeneous variances, several 333 livestock breeds have developed genetic evaluation models that account for 334 heteroscedasticity (Wiggans and VanRaden, 1991; Nakaoka et al., 2007) . 335
An effective way to mediate bias in EBV due to heterogeneous variances 336 would be to test progeny in different environments. In progeny testing of dairy cattle, 337 ranking of bulls was not greatly affected by heteroscedasticity when their daughters 338 were randomly distributed among farms with high and low variances (Winkelman and 339 Schaeffer, 1988) . Sire referencing schemes, such as those from which the rams used 340 in this study were drawn, provide another way of distributing genetics of sires to 341 many flocks. It has been reported that assumptions of homogeneity may not lead to 342 substantial decreases in selection response when heritabilities are higher in more 343 variable populations (Garrick and Van Vleck, 1987) . No such pattern was found in 344 these data. 345
Evidence for heterogeneity of variances within individual sheep breeds has 346 been reported. SanCristobal-Gaudy et al. (2001) found that selecting for increased 347 litter size led to increases in variability of the trait, and that using a heterogeneous 348 variance model resulted in increased selection response. In a study comparing 349 different breeds, Tosh and Kemp (1994) found variable estimates of heritability for 350 weights up to 100 d in 3 breeds (Hampshire, Polled Dorset, and Romanov). They 351 also report heterogeneous breed variances, and suggested accounting for breed 352 across-breeds genetic evaluation. 354
Genetics by environment interactions 355
The ratio of F×S to total variance was shown to be indicative of the presence 356 and influence of G×E within a population (Dickerson, 1962; Meyer, 1987) . For weight 357 traits, F×S explained approximately 1% of the total variation. For ultrasonic traits, this 358 percentage was greater (10 -13%), indicating that G×E has a larger influence on 359 body composition traits. For weight traits, our results were similar to Maniatis and 360
Pollott (2002), also in sheep; however, they reported a lower proportion of variance 361 due to F×S in ultrasonic traits than in the current study. 362
In our case, including the F×S effect in the analyses decreased estimates of 363 heritability. Such was also the case for Maniatis and Pollott (2002) . Here, as in their 364 study, ignoring F×S may have inflated estimates of additive genetic variance. They 365 hypothesized that some of the additive genetic variance was being partitioned into 366 the F×S variance component, yielding downwardly biased heritabilities. Shrunk 367 additive genetic variances were also found by Hagger (1998) for ADG in sheep 368 when fitting an F×S effect. Therefore levels of G×E in production traits appear to be 369 low but real in sheep populations. 370 Misztal (1990) suggested that an explanation for a significant F×S interaction 371 was poor representation of sires across-flocks, where genetic evaluations were more 372 severely regressed. In our study, sires were well represented across flocks, with a 373 proportion of sires having progeny in two of the three farms. The connectedness 374 among farms was also strong. Another reason for the F×S interaction may be 375 preferential treatment of some half-sib groups (Meyer, 1987) . However, given the 376 design of this experiment, with management intentionally standardized across farms, 377 such would not be anticipated. 378
Ultrasonic traits had greater indication of heteroscedasticity than weight traits, 379 and also had a higher proportion of variation explained by the F×S interaction. 380 Dickerson (1962) and Canavesi et al. (1995) found that F×S interaction may be 381 caused by, or at least inflated by, heterogeneous variances. When variances were 382 standardized across farms, the variance component estimates, and the proportion of 383 F×S interaction variance to total variance, did not change. Notter et al. (1992) and 384 Maniatis and Pollott (2002) reported similar results. 385
Effects on genetic evaluation 386
Weight at slaughter reflects an animal's growth to a certain end point, such as 387 a target level of fatness. As such, it is a combination of the bone, fat, lean, and other 388 tissues deposited in an animal as it grows. Evidence of heterogeneity and G×E was 389 not observed in SWT, or in earlier weights, but it was in ultrasonic traits. Ultrasonic 390 measures were shown to be indicative of fat and lean tissue deposition in an animal 391 (Emenheiser et al., 2010) , and therefore can be thought of as components of SWT. 392
Perhaps when considering the components rather than the culmination of growth, 393 heterogeneity and G×E become more apparent. Our findings indicate that accounting 394 for heterogeneity and G×E in genetic evaluation of ultrasonic measures, at least in 395 progeny of terminal sires, will reduce such bias. 396
In selection regimes, where animals were often reared in environments that 397 differed, ignoring G×E when estimating variance components in genetic evaluation 398 led to reductions in selection response (Garrick and Van Vleck, 1987; Mulder and 399 Bijma, 2006) . Mulder and Bijma (2005) found that progeny testing schemes were 400 more robust to G×E than sib-testing schemes: when including information on 401 progeny, in the presence of any G×E, the rate of genetic change was greater. The 402 current data were derived from a progeny testing scheme. It was therefore 403 anticipated that it would have less of an impact of G×E than otherwise. 404
In the presence of G×E, the breeding objective of selection programs in 405 different environments may differ. The construction of selection tools may also differ 406 because genetic (co)variances between traits may vary across environments. With 407 the presence of G×E, a way to optimize selection programs would be to have an 408 overall breeding goal yet test progeny in more than one environment, as was the 409 case in the current study. 410
Clearly the consequences of heteroscedasticity or G×E on genetic evaluation 411 programs must be carefully considered before being incorporated into genetic 412 evaluation. The limited extent of environmental heteroscedasticity observed in this 413 study may justify it being ignored even for ultrasonic traits, as re-ranking of sires was 414 trivial. Accounting for any G×E in the genetic evaluation of ultrasonic traits may be 415 more important: the F×S random component explained at least 10% of the variation 416 in these traits. Still, to robustly estimate the F×S effect, the number of offspring per 417 sire needs to be large enough and connectedness among their offspring needs to be 418 sufficient. Such was the case in this study but may not be so in industry breeding 419
schemes. 420
Even where heteroscedasticity or G×E may be important, incorporating them 421 into genetic evaluation schemes could be complicated. Firstly, environments must be 422 delineated. In the current study this was straightforward; by its design, lambs were 423 reared in three distinct locations within the UK. However, in genetic evaluation 424 schemes, environments may be less easily distinguished, may overlap, and may vary 425 gradually across geographic regions and climates. Furthermore, environmental 426 conditions would not be static over time, even on individual farms. 427
When deciding whether to incorporate G×E or heterogeneous variances into 428 genetic evaluation, the efficacy of running such evaluations also deserves 429 consideration. When fitting models with more random effects, solutions may be more 430 difficult to obtain. Furthermore, the amount of data in current routine genetic 431 evaluations would be large, with computational time a constraint. Therefore the costs 432 of accounting for heteroscedasticity and G×E in routine, particularly multivariate, 433 genetic evaluations need to be considered. 434
Conclusions 435
The aim of genetic evaluation programs is to assist livestock industries 436 achieve defined breeding goals. The presence of environmental heterogeneity or 437 G×E may hinder progress toward these goals. However, before incorporating such 438 factors into routine genetic evaluations, their extent and consequence on reaching 439 breeding goals need to be carefully evaluated. In the present study, incorporating 440 such comprehensive statistical models for weight traits was not warranted. 441 Misztal I 1990 
